With the development of the Internet of Things technology and the continuous improvement of manufacturing processes, smart devices continue to evolve. In the existing research on human motion posture detection, there are relatively few portable wearable devices. Therefore, research on human motion posture detection based on smart wearable devices will be an important direction for future development. In this paper, a smart phone with a built-in triaxial acceleration sensor is used as a data acquisition facility to simulate the wearable device's experiment on the daily movement of the human body. The three-dimensional acceleration data during the motion is collected, and the related methods are proposed to detect the human body motion posture, and further analyze the transition between various postures, and detect the special fall posture. Starting from the two aspects of time domain and frequency domain, the analysis algorithm of human motion attitude detection is expounded. Using the time domain algorithm to detect the current motion posture of the human body, the current motion posture of the human body can be quickly detected. However, if we simply use time-domain-based detection methods, it is easy to cause errors in attitude detection. In order to improve this detection error, we combine the frequency domain analysis method, use the acceleration modulus algorithm and perform FFT (Fast Fourier Transformation) to analyze the frequency domain characteristics of the signal to distinguish the human body's motion posture and improve the basic daily posture detection of the human body. The results show that the proposed method can eliminate large noise interference and reduce the missed rate and false positive rate of human attitude detection.
I. INTRODUCTION
The human body posture is a variety of sports modes and states that people present in daily life, including regular movements such as walking and running, as well as irregular movements such as sitting, lying, and accidental falls. Research on human posture detection has been a focus of research on humans [1] - [3] . With the development of society and science, research methods have been enriched and deepened, enabling humans to have a more comprehensive understanding and control over their own sports situations, and further promote applied research in more fields [4] , [5] .
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Research on human body attitude detection methods is mainly divided into two directions, image-based human body posture detection and human body posture detection based on wearable devices, in which sensors in wearable devices are mostly used as acceleration sensors [6] , [7] . The human body posture detection based on the wearable device is to read the data of the sensor in the device by wearing the device in the relevant position of the human body, extract various motion posture features, and detect different human bodies. Compared with image-based human body posture detection, it belongs to a relatively new direction. The researchers designed a set of detection systems, using five accelerometers to simulate more than 20 daily movements, and achieved better results [8] - [10] . The use of more sensors is bound to VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ be able to display the movement characteristics of the posture more intuitively, but the disadvantages are obvious and the carrying is not convenient. With the deepening of research, many researchers tried to wear fewer wearing devices to carry out experiments, and constantly improve the detection method of posture to improve the detection rate [11] - [13] . Relevant scholars use the fuzzy finite state machine to detect the posture of the human body, and use the genetic algorithm to automatically learn the structure of the state machine [14] , [15] . Combined with the WIFI indoor positioning system, the combination of scene and human posture is completed to understand human behavior more scientifically.
With the development of society, human-detection applications based on wearable devices have also appeared in many fields. The detection of falls is one of the more important branches. Related scholars have designed a fall monitoring system for wireless networks [16] - [18] . When a person in the network falls, the wearable device on the body sends an alarm signal through the wireless network. A similar wearablebased fall system, because of its portability and freedom from regional and environmental constraints, is less likely to be exposed to privacy than video surveillance. The protection of old people and children is very suitable. Relevant scholars obtain data information through stereo imaging technology, use the processed human body posture information to obtain human body direction information, and use the application scene model to combine the geographic orientation, trigger actual and posture duration and other information to make the human body fall deeper [19] - [21] . For the common problems in the common acceleration-based human body attitude detection algorithm, the researchers combined the human body posture information with the environmental scene information, effectively reducing the false alarm rate of the algorithm [21] - [23] . The detection method proposed in this paper is based on the step detection of each step of the motion posture. Combining the force situation of the step, the trend and characteristics of the motion data of a step cycle are analyzed and directly applied to the step division of the step. On this basis, the method of selecting the feature vector for the step of stepping is proposed, and the detection method of the non-step step segment is introduced. The human body attitude research method based on the time domain, ie acceleration modulus algorithm, improves the rate of human body attitude detection. However, the single use of this method will lead to missed judgments and misjudgments. In order to improve the correct rate of human body posture detection, and then start from the frequency domain perspective, the frequency domain characteristics of the signal are analyzed to distinguish the posture of the human body, thereby improving the correct rate of human body posture detection.
Specifically, the technical contributions of this paper are summarized as follows:
First: On the basis of in-depth analysis of the force situation of the human body, each step is analyzed, and a feature selection method based on a single step is proposed to make the research work more detailed and more accurate.
Second: A motion attitude detection method combining time domain and frequency domain is proposed. Compared with the simple acceleration modulus time domain algorithm, the accuracy is higher, and the missed rate and false positive rate are smaller.
II. MOTION SIGNAL ANALYSIS AND WEARABLE ATTITUDE MEASUREMENT A. MOTION FEEDBACK SIGNAL ANALYSIS
The motion feedback signal is a physical parameter for kinematics analysis of human motion, and is the theoretical basis for sensing human motion parameters and extracting motion characteristics. According to different research purposes, the research direction of motion feedback information can be divided into three types: bioelectrical signal, mechanical signal and angle related signal. The block diagram of the human body motion detection system is shown in Figure 1 .
Bioelectrical signals, including muscle electrical signals, EEG signals, EO signals, ECG signals, etc., which have been matured in the field of rehabilitation robots are based on the study of muscle electrical signals. Muscle is the provider of the mechanical power of the human body. When the muscles contract and stretch, they are accompanied by weak bioelectrical signals. The sensing system collects and analyzes bioelectrical signals to describe human motion. In addition to muscle electrical signals, EEG signals have become a research hotspot because of their cutting-edge and intelligence. The mechanical signal is mainly the human-machine contact force between the human body and the rehabilitation robot, and the human foot pressure. The mechanical signal is the most direct physical quantity of human-computer interaction in the rehabilitation robot system. By studying the laws of mechanical signals, the control torque and model moment of inertia of the rehabilitation robot can be studied, which provides a data foundation for mechanical structure design and optimization, and actuator selection.
Muscle is the root of the mechanical force of the human body. The body's movement intention is mainly to stimulate the muscles through the nervous system, so that the muscles contract and relax, and promote the movement of the limbs. Therefore, the biological characteristics of the muscle signal reflect the current subjective movement intention of the human body.
There are two main ways to collect muscle electrical signals. The needle electrode is inserted into the muscle to detect the bioelectrical signal. This method can accurately locate the force position and the disturbance signal is small. However, this method has a certain trauma to the muscle, so the application range is mainly limited to clinical medicine. The second method uses the sEMG (Surface Electromyography) detection method to attach the electrode patch to the outside of the muscle to be detected, and collects a weak bioelectrical signal on the muscle surface. This method generates a large amount of interference signals, but the operation is simple and noninvasive.
The research on surface EMG signals is mainly in the time domain and frequency domain. The research methods in the time domain mainly include RMS (Root Mean Square) and IEMG (Integral Electromyography).
The RMS method takes the root mean square of the amplitude of the bioelectrical signal on the muscle surface as the research object, and represents the effective value of the surface EMG signal amplitude. The graph of the surface type EMG signal envelope signal has good aging. It is calculated as follows:
The integral method refers to the integral value of the muscle electrical signal from the beginning of the acquisition to the current time. The integral method can effectively analyze the accumulation of the bioelectrical signal in the time domain, as a measure of the degree of muscle activity under certain exercise. It is calculated as follows:
Among them, EMG(t) is the amplitude of the electrical signal on the muscle surface at time t, and T is the length of the sampling time.
In the field of frequency domain research, the surface EMG signal is subjected to fast Fourier transform, and the EMG signal is studied by studying the spectral characteristics.
In the research process, there are two research objects in the spectrum field: MPF (Mean Power Frequence) and MF. (Median Frequency).
where P(f) is the spectrum of the amplitude of the myoelectric signal.
During walking, the hip joint is curved during the swing phase, and the myoelectric signal of the thigh flexor is active. During the phase of the support phase, the hip joint is straight and the myoelectric signal of the thigh muscle is inactive. Experiments show that there is a certain time difference between muscle and muscle reaction in the transmission of nerve signals. The muscle electrical signal can be detected within 20-80 ms before muscle contraction. Therefore, the muscle electrical signal can be used as a motion feedback signal.
EEG signals are directly emitted by the human brain. For people with lesions in the peripheral nervous system, the rehabilitation robot can be directly controlled by detecting EEG signals. The method of extracting the electrical signal of the brain is as follows: the electrode sheet is covered on the outside of the wearer's brain, and the wearer thinks about different motion modes and collects bioelectric signals. The collected bioelectrical signals are amplified, filtered, etc., converted into electrical signals, and feature extracted from the signals to establish a database. Because of the strong randomness of EEG signals, it is very vulnerable to external environmental factors. If the subject is nervous or tired, it will have a great impact on EEG signals. Therefore, EEG (Electroencephalogram) signal processing technology is extremely demanding.
B. WEARABLE SENSOR NETWORK
The wearable sensing network combines wireless sensor network technology with wearable computer technology. Wireless sensor networks integrate technologies such as wireless communication technology, sensor technology, embedded computer technology, and distributed data processing. The sensor senses and collects data and monitors the target object. A wearable computer is a tiny, wearable, and mobile computer that can be well integrated with people. The wearable sensor network is a network based on short-range communication and wearable computer technology for intelligent collection of human body information. A schematic diagram of the wearable sensing network is shown in Figure 2 .
Wearable sensing networks have the following key technologies: (1) Low power consumption and microcomputer technology. For node computers in wearable sensor networks, it is important to reduce system power consumption and reduce system size. Generally selected is a low-power, microcomputer designed using chip-level system technology. The I/O interface is dominated by a USB interface.
(2) Wireless network technology. The nodes in the wearable sensing network must be connected to the computer via a wireless network. Typically, wireless networks use a 2.4 GHz carrier frequency, such as the IEEE 802.11 protocol, the Bluetooth protocol, and the ZigBee communication protocol.
(3) Human-computer interaction technology. The introduction of human-computer interaction technology is to enable computers and users to communicate easily. It is different from handheld devices, which are in a ''ready'' state at all times.
(4) Power technology. Mobile power is very important for wearable sensor network nodes, and it is a guarantee for reliable operation of nodes. According to the needs of the work, from a variety of considerations, we choose a suitable type of battery.
(5) Embedded operating system technology. Wearable computers are limited by storage space, so the operating system needs to be as specific as possible and enhance real-time. Usually these operating systems are real-time and micro-kernel, and have a strong ability to handle multiple peripherals.
(6) Self-organizing network technology. The wearable sensing network node moves online as the wearer moves and acts as a mobile node. If there are multiple such nodes, then these nodes can form a network, called an ad hoc network. Each node in the network is dynamically connected in any way, with automatic reorganization function, which can improve the stability of the network.
C. ATTITUDE MEASUREMENT TECHNOLOGY
The measurement of the attitude angle involves two coordinate systems, the human coordinate system and the geographic coordinate system. The wearable sensing network node is placed on the human body, that is, the coordinate system of the sensing node is consistent with the human coordinate system. Measuring the posture of the human body is essentially measuring the angle between the human coordinate system and the geographic coordinate system. There are two ways to express the angle of the human body, which are the Euler angle representation method and the quaternion representation method. The measurement results taken in this paper are the Euler angle representation method. In this paper, three kinds of sensors are used for attitude measurement, and their principle of measuring angles is different. The human coordinate system is defined. The human heart point is consistent with the coordinate origin. The front direction of the human body is consistent with the x-axis in the coordinate system. The positive left direction of the human body is consistent with the y-axis in the coordinate system, and the vertical direction of the human body is downward. The z-axis in the coordinate system remains the same. We define three angles in the rotation of the human pose: the roll angle represents the angle of rotation around the x-axis, the pitch angle represents the angle of rotation about the y-axis, and the yaw angle represents the angle of rotation about the z-axis.
1) ACCELERATION SENSOR
The three-axis acceleration sensor measures the attitude angle mainly by using the angular relationship between the threeaxis acceleration and the earth's gravity, thereby obtaining the attitude angle of the object to be measured. It represents the angle between the X-axis and the projection of the axis on the ground, representing the angle between the Y-axis and the projection of the axis on the ground. The angle calculation formula is as follows:
Among them, a x is the acceleration of the acceleration sensor in the x-axis direction, a y is the acceleration of the acceleration sensor in the y-axis direction, and a z is the acceleration of the acceleration sensor in the z-axis direction.
2) MAGNETIC SENSOR
The triaxial magnetic sensor mainly uses the earth magnetic field measured by the device to calculate the heading angle in the attitude angle. For the magnetic line of the northern hemisphere, the magnetic dip is about 70 • to the north, and the magnetic sensor calculates the X and Y components of the magnetic line, and the vertical component of the magnetic field is not included in the calculation. The formula is as follows:
where Y H is the magnetic field strength measured by the magnetic sensor in the y-axis direction, and X H is the magnetic field strength measured by the magnetic sensor in the x-axis direction.
In the three-dimensional space, the relationship between the three-axis acceleration sensor and gravity can be used to obtain the roll angle and the pitch angle, and the yaw angle is obtained by the relationship between the three-axis magnetic sensor and the earth's magnetic field.
3) ANGULAR VELOCITY SENSOR
The three-axis angular velocity sensor can directly measure the angular velocity of the carrier and obtain the angle of the attitude by integrating the angular velocity. Assuming that the angular velocity of the three-axis angular velocity sensor is w and the time interval at which the sensor acquires the angular velocity is t, then the formula for calculating the attitude angle is as follows:
III. ANALYSIS OF HUMAN BODY MOVEMENT POSTURE CHARACTERISTICS BASED ON WEARABLE EQUIPMENT A. ACCELERATION ANALYSIS OF THE HUMAN BODY
The force of the step will eventually appear in the change of the acceleration data. By analyzing the trend of the acceleration signal, it is possible to scientifically detect the changes of different data signals presented by different poses, and then apply to different pose detections. Figure 3 is a step-by-step acceleration data diagram in a walking attitude with a data acquisition frequency of 110 Hz. Among them, during the walking process, the vertical direction is the positive direction of the y-axis, the horizontal direction is the positive direction of the x-axis, and the horizontal direction is the positive direction of the z-axis. Marks A and B in the figure are the main points of force during a step. As can be seen from the data in the figure, in the data interval before A (about 40), the 3-axis acceleration data is almost constant, the y-axis (vertical direction) size is 9.8, and the x-axis and z-axis (horizontal direction) are 0. There is a significant fluctuation in the data range of AB (about 50-80), where there are two distinct peaks (about 20 in size) and one trough (about 3 in size) in the y-axis direction. The obvious peak (about 12), the z-axis fluctuation is relatively small; at the same time, x produces the position of the peak and the second peak position of the y-axis, and the maximum position of the z-axis data is very close (no more than 10 data before and after). After a more pronounced fluctuation, the 3-axis data simultaneously enters the relatively stationary final interval.
In combination with the force analysis of the human body stepping, compared with the multiple large foot lift and foot test, a step cycle is divided into three stages: the step a, the interval b and the alternate interval c.
Step a: In this interval, the y-axis acceleration data first increases and then decreases, and the first peak 20 and the only trough 3 appear. At this time, the acceleration sensor is in the overweight and weightless state respectively. At the same time, the x-axis data is almost all below the offset 0, indicating that the acceleration sensor is pushed by the forward external force. The z-axis data fluctuations are not obvious.
The inter-region b: y-axis data is gradually increased from the trough to the second peak, and the x-axis data and the z-axis data are also increased, reaching the peak at almost the same time. At this time, the moment is the most intense. The second peak of the y-axis differs from the first one in that the second peak lasts for more than 10 data intervals, indicating the buffering process after the ground.
Alternate interval c: After the violent fluctuation in the b interval, the center of gravity shifts, the steps alternate, the torso of the data acquisition device is relatively stable, the acceleration data gradually becomes stable, and the regression is relatively static, and when it reaches the next cycle, we repeat the trend of the 3-axis data.
Combined with the analysis of the human body force, each force interval to which the acceleration data belongs can be determined, and at the same time, the trend of the acceleration data can determine whether it belongs to a step force.
B. DATA PREPROCESSING 1) TIME WINDOW
In the process of acceleration data processing and detection, the signal data is continuous and long-lasting. If all of them are put into the program processing analysis at one time, not only can the real-time monitoring and detection purpose be achieved, but also the system memory consumption is increased, and the program crash is easy to occur. To this end, this paper uses a time windowing method to segment the original acceleration signal.
The length of a time window is 2fT, and the rectangular windows with the same length of two windows divide the original acceleration signal, and the adjacent windows overlap by half the window length. The windowed single acceleration signal contains n samples, and the sampling frequency of the acceleration signal is 110 Hz, and the time span of each acceleration signal after windowing is n/110 seconds. In the stepping segment of this step, we set fT to 500 data lengths, the time is about 5s, which is greater than the longest one step.
The length of the time window should be moderate. If a shorter rectangular window is used, one cannot include the complete step cycle, and the second is to add too much calculation. If the window of the rectangular window is too long, it will appear for the real-time system. It should be noted that the stepping segmentation mentioned in the following chapter is to calculate in the time window. Since the data required for periodic segmentation may be at the boundary of the time window, the boundary point of the time window should be excluded during the operation.
2) FILTER PROCESSING
In the data acquisition phase, due to various possible factors, such as unstable equipment, external human body noise and noise interference, etc., the collected acceleration signals include not only accurate acceleration signals corresponding to various actions, but also various noises. Data preprocessing is usually performed before feature extraction analysis to remove redundant signal interference. In addition, the signal waveform is smoother and the periodic characteristics are more obvious. In this paper, the original signal is preprocessed by value filtering. Median filtering is a method of nonlinear filtering.
Suppose d i1 , d i2 ,. . . , d in is a continuous sequence of samples extracted from the sampled data, and the sequence after the order of size, ie d i1 ≤ d i2 · · · ≤ d in , the median y i of the sequence is:
n is odd
The median y i of all sequences is composed into a new sequence f(y i ), then f(y i ) is the filtered data sequence. The value of n plays a key role in signal processing. If n is small, the processing neighborhood is small and cannot achieve good noise reduction effect. If n is large, distortion may occur, and filtering may not be possible.
In this paper, after several experiments, the neighborhood value n is set to 7, that is, 7 consecutive values before and after the current data value, and a total of 15 consecutive neighborhood spaces have a better processing effect. Figure 4 shows the results of processing a continuous y-axis acceleration signal for different values of n. Where (a) is the original signal, (b) is the pretreatment result when n=3, (c) is the pretreatment result when n=7, and (d) is the pretreatment result when n=10. It can be clearly seen that there are still many rough peak points when n=3. When n=10, the whole data signal is over-processed, and some data points are distorted. When n=7, not only the unnecessary burrs are filtered. It also maintains the trend of signal changes very accurately.
C. SELECTION OF MOTION AND POSTURE FEATURES
By analyzing the step data signals of different attitudes, the corresponding data features in different poses are extracted, and the unknown pose is further detected.
The posture referred to herein refers to the basic movement posture of the human body, including a stationary posture and a non-stationary posture. The static attitude includes the state of standing, sitting and lying still. In this kind of action posture, the acceleration data has almost no fluctuation. The acceleration in the horizontal direction is 0, and the gravity is affected in the up and down direction. The size is about 9.8. It is only necessary to determine the up and down direction, which axis is used to know how to wear it.
Non-sports postures include walking, running and going up and down the stairs. In these poses, the acceleration data exhibits periodic fluctuations, and the amplitude and frequency of the acceleration are different with the amplitude and frequency of the step. Therefore, the feature can be matched and the motion can be determined by calculating the time domain characteristics such as the amplitude of the fluctuation and the mean variance. Both the upper and lower floors can be regarded as walk-like states, and the cycle of the steps is similar, but the force conditions are different in each step, and the corresponding data characteristics are different. The single step posture is continuously combined, which realizes the detection and monitoring of the human body's activity in a period of time.
According to the force analysis, combined with the trend of the 3-axis acceleration signal during the step, the time domain characteristics of the acceleration signal are calculated and extracted. Here, three time domain values are selected to distinguish features of different poses: the step t, the amplitude deflection a, and the jitter difference σ .
For the same person, the speed of the movement is directly related to the frequency of the pace of movement. The smaller the step t is, the faster the pace and the faster the speed. Therefore, the step can directly distinguish the walking and running posture.
In a step cycle, the 3-axis data is based on the force of the foot and the data, and the data fluctuates accordingly. The magnitude of the fluctuations indicates the intensity of the movement. It is relatively flat when walking similarly, the amplitude of the 3-axis amplitude is not large, especially in the direction of the z-axis, and it is more intense when running, and the peak-to-valley difference of each axis is larger. After the stepping of the stepping cycle, after determining the step interval of each step, the amplitude deflection a feature can be used to further confirm the current step posture.
The jitter difference σ is the sum of the standard deviations of the data for each axis of the motion profile. The smaller the force, the more stable the pace, the smaller the fluctuation of the data in each axis direction. By calculating σ , it is possible to effectively detect the difference between the upper and lower floors. On the other hand, because different people's habits are not the same, different people who are more familiar with the pace can also use this feature to detect and distinguish.
The eigenvectors composed of these three eigenvalues can represent different motion characteristics respectively. The step t of the step represents the frequency of the step, the amplitude deflection a represents the fluctuation interval of each attitude data, and the jitter difference represents the stability of the step.
The amplitude of the step is deflected, that is, after determining a step period, the characteristics of different poses are expressed by calculating the difference between the peak and the peak and valley. During the movement of the human body, the acceleration data reflects the force of the data acquisition device. The greater the force is applied, the more the acceleration data fluctuates, and the more obvious the deflection.
Walking, going upstairs and going downstairs are three kinds of non-running postures, which are similar to walking postures. The pace of the steps is about the same, and the degree of exercise is relatively flat. The moment when the force is more obvious is the moment of lifting the foot and landing. When lifting the foot, overcoming the work of gravity, the difference between the three attitudes is not obvious. The main different moments are at the moment of landing, which is caused by the difference in height and stability of the landing. Figure 5 shows the x-axis data plot for 500 data values (about 4-5 step periods) for walking, upstairs, and downstairs.
The peaks and troughs of the three poses are significantly different, and the amplitude deflections in the swing cycle are also different. Overall, the downstairs posture is the largest, and the upward attitude posture deflection is relatively minimal. In the vicinity of each landing, the attitude of the downstairs is relatively large, the force is obvious, the amplitude is deflected greatly, and the state of the building is relatively stable, and the amplitude deflection is minimal.
In 
IV. ALGORITHM IMPLEMENTATION AND DATA ANALYSIS OF HUMAN MOTION POSTURE DETECTION A. DETECTION ALGORITHM OF HUMAN POSTURE 1) TIME DOMAIN DETECTION ALGORITHM FOR HUMAN POSTURE
At present, the method for detecting motion posture is mainly based on the time domain morphological characteristics of the acceleration signal, and the acceleration vector sum is calculated for a certain period of time, and the acceleration of each axial direction of the acceleration sensor is comprehensively considered at the same time. The size range, estimated the state of exercise at that time and the intense VOLUME 8, 2020 level of exercise, as the basis for judging the posture of the movement.
The method of analyzing human body pose from time domain features is generally the SVM (Signal Vector Magnitude) algorithm:
where x, y, and z are the three directions of the threedimensional space, respectively. Substituting the data in the acceleration sensor into the modulo vector SVM algorithm, the modulus vector of the acceleration can be obtained.
where a x , a y , and a z are the values of the acceleration measured in the X, Y, and Z directions, respectively. The acceleration model vector ASVM algorithm is adopted, which has the advantage of combining the changes of the data in the three axial directions into a change of the acceleration value, because the person who falls or the other posture in any direction reflects the change in the acceleration value. The core idea is to set a threshold for various postures in various postures of the human body according to the threshold method, and determine the posture of the human body through the threshold value. This is the basic idea of the acceleration mode vector ASVM algorithm.
The advantage of this method of judging is that the three axial components of the acceleration sensor are comprehensively considered, and the motion attitude in any direction can be detected. One of the biggest shortcomings is that only the time domain morphological characteristics of the motion attitude signal are considered. When the motion vector of the motion attitude is not obvious in the time domain, it is easy to cause erroneous judgment.
2) FREQUENCY DOMAIN DETECTION ALGORITHM FOR HUMAN POSTURE
The commonly used detection method of the human body posture in the frequency domain mainly uses FFT (Fast Fourier Transformation) transformation to extract the main frequency components from the acceleration signals of the acceleration sensors of people's daily life activities and postures during the fall. The acceleration signal to be tested is subjected to FFT transformation, the corresponding frequency components are extracted, the frequency component is compared with the main frequency component, and the classification algorithm is combined with analysis and judgment. The advantage of the method is that the features are theoretically classified. There is no upper limit for the number, and all the frequency components decomposed therefrom can be used as the basis for classification. The disadvantage of this method is that there are many features of classification, and the calculation of classification features is also very large, and the biggest disadvantage is that the time domain feature information is discarded.
The FFT transform is found on the basis of DFT (Discrete Fourier Transform). The DFT algorithm can acquire the frequency domain characteristics of the signal, but the calculation amount is large and the speed is slow, which is not conducive to the calculation of the real-time signal. The FFT transform algorithm can increase the operation speed by several tens of times or even hundreds of times, making the digital signal processing discipline an emerging application discipline. The formula for calculating the DFT algorithm is as follows:
where x(n) represents the input discrete digital signal sequence, WN is the rotation factor, and X(k) is the relative amplitude of the N discrete frequency points corresponding to the input sequence x(n). According to the FFT transform algorithm, the time domain features of the human body pose are transformed into the frequency domain features, and the frequency domain features are analyzed, and the frequency domain features are used to further determine the motion pose. Since the acceleration signals of daily activities and motion postures are mostly low in frequency and the frequencies between the gestures overlap, the specificity of the single frequency domain characteristics analysis of the human body posture is poor. In this case, in the study of human body attitude detection based on acceleration sensor, this paper makes full use of the time domain advantage of the existing acceleration signal, combined with the frequency domain research of the acceleration signal, and combines the advantages of the two to comprehensively analyze and judge the human body. The posture, especially the posture of the human body, minimizes the misreporting and underreporting of the human body's movement posture as much as possible.
B. TIME DOMAIN ANALYSIS OF HUMAN BODY MOTION POSTURE
The acceleration signal of the human body can be regarded as a three-dimensional vector, which can be represented by a three-dimensional coordinate system of space (ie, three axes in a Cartesian coordinate system), wherein the X-axis is the vertical direction, that is, the standing direction of the human body, and the Y-axis is the front and rear direction, and the Z-axis is the left and right directions. The change of the posture of the human body reflected on the acceleration sensor becomes a change of the acceleration signal data, and the change is not only the data change of one axial direction of the acceleration sensor but the change of the data of the three axial directions of the acceleration sensor.
1) HUMAN WALKING POSTURE
For the posture of the human body when walking, the data of each axial direction of the acceleration sensor obtained by the three experiments is plotted as a two-dimensional map, and the SVM in the figure is the value of the acceleration mode vector ASVM, as shown in Figure 6 .
According to the three experiments of the walking posture, it can be seen that the value of the acceleration mode vector ASVM is closely related to the X-axis. The X-axis is the direction in which the human body stands, that is, the direction of gravity acceleration. The value of the acceleration mode vector ASVM includes the vertical direction of the human body. The analysis of the three sets of data shows that the acceleration model vector ASVM has a range of 5-15m/s 2 when walking, which is mainly the acceleration of the human body in the vertical direction, and a large part of it is the gravity acceleration of the human body. When the human body walks, the acceleration in the forward direction is generally between 0-5m/s 2 , which is large and small. This is related to the state when the human body walks. When the left and right legs of the human body move forward, the acceleration will be large. The acceleration of the human body in the left and right direction is generally between 0-5m/s 2 .
When the human body walks normally, it will sway left and right, so there is a change in acceleration, but the shaking of the human body will not too big, so the acceleration will not be too big.
For the reason of operation, when the mobile phone is put in or taken out, the acceleration sensor may have a large acceleration, so that this happens. In the first few seconds, the value of the acceleration mode vector ASVM is relatively flat, around 10m/s 2 .
2) HUMAN RUNNING POSTURE
Running is the two feet of the human body interacting forward and moving forward quickly, and is divided into jogging and running. In daily life, people run to exercise, which is mainly jogging, and the speed is generally not too fast. Compared with the sprints of athletes' 100 meters, 200 meters, 400 meters, etc., people can only run when they exercise. The usual walk is a little faster. This article mainly studies the running posture of people when they exercise normally. Below is the data recorded while running, as shown in Figure 7 .
From the above figure, it can be seen that the data curve of the running posture of the human body also includes three parts, wherein the first part and the third part have been described in detail above, and are not repeated here, the middle part is the human body. The data recorded while running. From the above data analysis, the value of the acceleration mode vector ASVM is between 15-25m/s 2 and the maximum value is 24.711m/s 2 when the human body is running.
When the human body is running, the value of the acceleration mode vector ASVM is mainly affected by the acceleration in the X-axis direction, but the accelerations of the Y-axis and the Z-axis are not negligible, and sometimes play a decisive role. In the second experiment, the values of the acceleration mode vector ASVM at the 39s and 41s are 12.499m/s 2 and 12.793m/s 2 . If only the threshold of the time domain is used, the wrong judgment will be generated and the running will be judged as walking.
3) HUMAN FALL POSTURE
The human body's fall posture is not the same as other postures. It is more special because it is not just a posture of the human body. It is not as simple as the normal movement posture of the human body. If the human body accidentally falls, this is not simple. It is a change in the posture of the human body. More attention is paid to the health condition of the human body after the human body falls. For example, after the human body falls, the body is not injured, and can still stand up. What is more serious is whether the life of the human body can continue. Therefore, it is particularly important to study the posture of the human body's fall. The following are several experiments performed on the human body in the case of simulated falls, recording the data generated by the human body when it falls, as shown in Figure 8 .
When the human body falls, the value of the acceleration model vector ASVM changes greatly instantaneously, which reflects a huge momentary change in one axis or two axes when the changes in the axial directions occur. The human body changes instantaneously from one plane to another. When the human body falls, it is impossible to predict the direction of the human body's fall. I don't know which axis will undergo a huge change in the moment. Therefore, it is impossible to take a change on a certain axis to judge whether the human body has fallen.
From the experimental data, it can be seen that when the human body falls, its acceleration changes greatly, and a large peak appears. The peaks of the three experiments are 22.162m/s 2 , 26.376m/s 2 and 24.515m/s 2 , respectively. When doing the experiment, there are two reasons why the measured data is smaller than the actual fall value. First, there is a cushion at the fall to prevent the human body from being injured when the earth touches the ground. With the buffer of the cushion, the measured modulus of the acceleration will be smaller than that of the real fall; the second is when doing the experiment, people will have a sense of self-protection. It is impossible to fall like an unconscious, non-directional one when it falls. When the human body falls, it will consciously reduce the damage caused to itself. People will consciously force in the opposite direction. So that the measured data is smaller than the value of the real data.
In the process of walking, a sudden fall, the value of the acceleration changes greatly in an instant, and a large peak appears, which is the data recorded when the human body falls. From the data, it can be seen that when the human body falls, there is not a big change in the direction of a single axis, but a large change in two axes or three axial moments, which is determined by the fall itself. Because a fall is a sudden, involuntary change in position, falling on the ground or on a lower plane, one cannot predict to be more uncontrollable. Reflected on the various axes of acceleration, there is an unpredictable which of the axial data will suddenly change greatly.
In the several experiments of the fall, the value of the acceleration mode vector ASVM was around 25.000 m/s 2 , but the lowest acceleration mode vector ASVM value was 22.162 m/s 2 . If only the threshold in the time domain is used, the fall will be misjudged as running, which may have serious consequences. Therefore, it is not feasible to use only a single time domain threshold discrimination method.
C. FREQUENCY DOMAIN ANALYSIS OF HUMAN BODY MOTION POSTURE
The detection and judgment of the human body posture is not feasible if it is only a time domain analysis method using a simple acceleration threshold. We model the simulation of the data obtained from each pose, analyze its characteristics in the frequency domain, and use the differences in the frequency domain to minimize the situation in the time domain or the situation of missed judgments. To the minimum, eventually we achieve a satisfactory result. The acquired data is subjected to FFT transformation, and the FFT transformation method is used for analysis and judgment, and finally the result is obtained, so that the probability of misjudgment and misjudgment is minimized.
When the human body falls, the acquired data is subjected to FFT transformation to obtain its frequency domain characteristics. The frequency domain features are used to further distinguish the posture of the human body. The FFT transformation is performed on each posture of the human body, and Figure 9 is an effect diagram of performing FFT transformation on each posture.
It can be seen from the above FFT transformation diagrams of each posture that the human body has the smallest amplitude value after the FFT transformation in the falling posture, followed by the walking posture of the human body, and finally the running posture of the human body. In the case of the human body in the standing posture, the acceleration modulus is small and almost zero. If a fall occurs at this time, the acceleration modulus will definitely change greatly.
The most difficult to distinguish from the falling posture of the human body is the running posture of the human body. When the human body is running, its acceleration modulus is large. If a falling posture occurs during running, and the falling posture at this time is not too obvious, it will cause misjudgment. Therefore, it is not feasible to use a single time domain algorithm or a frequency domain method to judge the posture of the human body. It must be combined with the time domain and frequency domain methods to detect the missed rate and error of the human body posture. The rate of judgment is minimized.
When judging the posture of the human body, we first use the time domain judgment method, that is, the acceleration modulus algorithm, to first distinguish the various postures of the human body, and then use the frequency domain judgment method to perform FFT transformation on the obtained data.
V. CONCLUSION
The smart wearable devices that appear on the market today are often simple and inaccurate. Based on the research of human body posture detection technology, this paper proposes a human body attitude detection method suitable for wearable devices by using Android smart phone simulation wearable device. A method for feature extraction based on a single step cycle is proposed. Combined with the force analysis, the human step interval is divided. Not only can the step position of the step be divided, but also the position of the still posture can be determined. This method makes the research work more detailed and has a good detection effect on the posture of a certain moment. Time domain and frequency domain analysis is performed using a frequency domain analysis algorithm based on acceleration modulus algorithm and acceleration. Using the modulus of acceleration and FFT transformation, the analysis and research of human posture is realized. The acceleration modulus value and the corresponding relationship between the FFT transformation and each posture of the human body are analyzed, and the posture of the human body is judged correspondingly, which is used as a basis for the detection and monitoring of the human body posture. However, this article is only an experiment for a small range of people. The next step is to conduct quantitative and qualitative analysis of human body posture detection in different populations.
